Chatter is a self-excited vibration in any machining processes which contributes to the system instability due to resonance and resulting in an inaccuracy in machining product. Due to demand for a high precision product, industries are nowadays moving towards implementing a tool monitoring system as a feedback. Currently, an electromagnetic sensor was used to detect chatter in tools, but this sensor introduces a drawback such as bulky in size, sensitive to noise and not suitable to be implemented in the small machining center. This paper aims to propose a chatter identification model for face milling tool based on acoustic emission data for tool monitoring system. Acoustic emission data is collected at four level of cutting depth in milling with linear tool path movement on aluminum T6 6061 materials. The Deep Neural Network (DNN) model was developed using multiple deep-learning frameworks for the chatter detection system. This model approach shows a good agreement with experimental data with 4% error. As a conclusion, the DNN chatter identification model was successfully developed for the aluminum milling process applications. This finding is essential for anomaly detection during machining process and able to suggest for a better machining parameter for the aluminum machining process.
INTRODUCTION
Chatter identification has been available in many countries especially in the first-class country. There are many applications of chatter identification which have been studied and developed by many researchers such as detect breakages, detect vibration, and monitoring system. In addition, chatter identification also applicable in machine vision, tool toughness, dimensional accuracy, and surface roughness application. Chatter is a self-excited vibration in any machining processes which contribute to the system instability due to resonance and resulting in any damage to the workpiece also machine tool [1] . Thus, the machining process today's need the chatter identification system. Nowadays, manufacturing enterprises are moving in line with Industry 4.0 which turning towards full automation, reliable, online, and robust monitoring system for more productivity, quality, precision, and reduced costs [2] . In practice, tool monitoring system utilizes a chatter identification result to determine a degree of vibration in the machining process. Tool monitoring system is the system which manages, monitor and analyzes the process of machining process for detecting the defect in the process or tools [3] . Indeed, in maintaining high quality in automated and un-manned manufacturing, the tool integrity must be maintained, tool condition monitoring is required [4] .
Chatter identification was known as fundamental techniques in tool monitoring system. Many types of sensor which emitted vibration input data such as an accelerometer, electromagnetic and ultrasonic sensors. Numbers of researcher suggest using an electromagnetic sensor to detect chatter in a tool [5] , but this kind of sensors introduce a drawback such as bulky in size, sensitive to noise and not suitable to implement in a small machining center.
In that case, the spectral domain obtained from Fourier analysis was the perfect alternative used to extract frequency-domain features of measured vibration signals from acoustic emission sensors [6] . In the last decade, NNs have been applied to monitor machining processing, including turning, milling and grinding machines [7] . Different from traditional methods, deep learning is a new machine learning methods, which has the great capacity to automatically learn the valuable features and inference from the data [8] .
Hence, the aim of this research is to develop a chatter identification model for tool monitoring system using Deep Neural Network (DNN) model which using acoustic emission input data. The proposed model was predicted to gives an accurate solution of chatter identification system. This project goal was to develop an experimental setup for proposed model in the milling process which divided into several phases.
METHODOLOGY Experimental Setup
Experimental setup of this project has been designed and set-up for tool monitoring system. However, identification of component parameters needs verification before proceeding to the experimental setup. Firstly, the elements in experimental setups must be accurate and precise for monitoring the chatter. Therefore, the calibrations process must be conducted before further experimenting to make sure the components are in good condition for monitoring the tools wear and specimen surface roughness. Next, the milling tests were performed with a Fagor C355 CNC milling machine as shown in Figure 1 (a) and (b). The specimen of aluminum T6 6061 material within a specific size was clamped on the work table and High Speed Steel (HSS) end mill cutter with two flutes and diameter 16mm was used. The measurements were conducted using Mistras Micro-ii Digital system combined with its software, AEWin. Acoustic emission sensors were mounted on the spindle housing to measure the vibration signals during the milling process on the work table which the specimen was clamped to record the vibration signals during the machining processes. The integrated acoustic emission sensor process and receive the vibration signals and convert it's into data.
Since the occurrence of chatters was directly correlated with the depth of the cutting, each experiment have been conducted at a constant spindle speed of 2000 r/min, a feed rate of 747 mm/min, and with a different depth of the cutting at 0mm, 1.0 mm, 3.0mm and 5.0 mm, respectively. All the experiments were slotting without cutting fluids. The parameters for chatter identification was classified into steady, chatter level 1, chatter level 2 and chatter level 3 as shown in Table 2 . 
Data Analysis
The signal data that has been emitted by AE sensors was transmitted through preamplifier for making a signal fit for the next experimental stage in the signal chains and performing a filtering process for an unwanted signal. This approach was performed due to a noise in the system and was overcome by adding a preamplifier for minimizing a noise in the system compared to raw signals. The tuned signals have been transmitted to the computer database for the data analysis procedures.
The acquisition of the data between steady and chatter condition that was acquired has been transformed and prepared for time-frequency data. The data preparation, transformation, and visualization were produced using multiple opensource tools which specialized in machine learning platforms such as Rstudio desktop version '1.0.153' [9] , SAS University Edition Studio, Orange [10] , and Spyder Python integrated development environment (IDE).Furthermore, the proposed model for chatter identification was also developed using tool mentions before and the model was trained and evaluated with the experimental data.
Chatter Identification Model
The tools used for developing the model was a GPU-accelerated and thus, reducing the time need for computing the developed model. The requirements for using multiples deep-learning frameworks such as Keras [11] , TensorFlow [12] , and Microsoft Cognitive Toolkit (CNTK) [13] was installing all dependencies and set-up our model environment. The advantages of using multiple deep-learning frameworks were less computing time, customized model, a high-level abstraction layer, and fast prototyping. The DNN model was developed by using Long Short Term Memory (LSTM) network from Keras model which can outperform the state-of-the-art anomaly detection algorithms on time-series data. Figure 2 shows the basic LSTM network illustration. Figure 3 (a) and (b) shows the visualization and analysis of chatter condition from the first stage into the second stage using chatter identification system that was developed. The process of identification was implemented during machining process on CNC milling machine. The result shows the frequency of specimen cutting condition against time taken for different stages.
RESULTS AND DISCUSSION

Analysis of Chatter Condition
As shown below for specimen condition in Figure 3(a) , there was an arising chatter that was caught by the chatter identification system which starts from steady state and suddenly arose to a peak point during the machining process. Based on this result, this shows that the chatter can be identified using the developed model of chatter identification system. Moreover, in Figure 3 (b) the pattern of chatter condition was different than Figure 3 (a) which was obviously showing the differences in amplitude of the chatter frequency. This was caused by the difference in cutting depth which clearly proved that the increase of cutting depth influence the peak of anomaly chatter and tool wear rate.
In the middle of chatter pattern in Figure 3 (b), showed that the amplitude starts to rise back after a colossal drop and then suddenly drop before begin to increase in the late time of the second stage. These anomalies were identified and visualized using the developed chatter identification system for tool monitoring system which can be used for the system feedback to ensure high precision product. Based on these result in Figure 4 (a) and (b), there were only minor anomalies detected during steady condition which caused less tool wear condition during the machining process. Figure 3 (a) shows no arising chatter identified by the chatter identification system and reveal that the machining process was in steady state and minor anomalies. The maximum frequency detected in the first stage was 876 Hz which is less than the second stage maximum frequency, 904 Hz.
Comparison of chatter and steady conditions
From the previous study, it was explained that the most frequency components directly in the range of 500 Hz to 3000 Hz [14] . Then, the distribution of the frequency starts to concentrate on a range of chatter frequencies condition. Based on the result in Figure 5 , the most of the frequencies have been detected in the range 720-2478 Hz. Nonetheless, the distribution of frequency components have been not concentrated in range the chatter frequencies, but it was freely chattering identification regarding after tool was passing through and contacted on the specimen. The proposed method used with Orange [10] was not precisely same output as Fourier spectra but this method significantly improves the accuracy of tool monitoring system by gaining 12.4% from previous research. 
CONCLUSION
Based on the resuts, the proposed model of chatter identification system which was developed with DNN model was able to detect the chatter in the aluminum surface milling process using AE sensors. Besides that, this model was proved in this experimental more reliable and robust for more productivity, quality, precision, and eventually reducing the cost. This model also able to define the symptom and phenomenon of chatter occurrence in both time and frequency domain. Lastly, the advent of Artificial Intelligence (AI) proves that it can solve a complex problem and can be used for better human futures.
